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Abstract

In this paper we explore the identification of
negated molecular events (e.g. protein binding,
gene expressions, regulation, etc.) in biomedi-
cal research abstracts. We construe the prob-
lem as a classification task and apply a ma-
chine learning (ML) approach that uses lexi-
cal, syntactic, and semantic features associated
with sentences that represent events. Lexical
features include negation cues, whereas syn-
tactic features are engineered from constitu-
ency parse trees and tbemmand-elation be-
tween constituents. Semantic features include
event type and participants. We also consider a
rule-based approach that uses only the com-
mand relation. On a test dataset, the ML ap-
proach showed significantly better results
(51% F-measure) compared to the command-
based rules (35-42% F-measure). Training a
separate classifier for each event class proved
to be useful, as the micro-averaged F-score
improved to 63% (with 88% precision), dem-
onstrating the potential of task-specific ML
approaches to negation detection.

I ntroduction

With almost 2000 new papers published ever

the need for sophisticated information extractio
(IE) methods are becoming more than evident. |

methods rely on a range of language processi
methods such as named entity recognition a
parsing to extract the required information in 3
more structured form which can be used fo
knowledge exploration and hypothesis gener
tion (Donaldson et al. 2003; Natarajan et al

2006).

Given the large number of publications, the

identification of conflicting or contradicting facts
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is critical for systematic mining of biomedical
literature and knowledge consolidation. Detec-
tion of negations is of particular importance for
IE methods, as it often can hugely affect the
quality of the extracted information. For exam-
ple, when mining molecular events, a key piece
of information is whether the text states that the
two proteinsare or are not interacting, or that a
given genas or is not expressed. In recent years,
several challenges and shared tasks have in-
cluded the extraction of negations, typically as
part of other tasks (e.g. the BioNLP’09 Shared
Task 3 (Kim et al. 2009)).

Several systems and methods have aimed to
handle negation detection in order to improve the
quality of extracted information (Hakenberg et
al. 2009; Morante and Daelemans 2009). Prior
research on this topic has primarily focused on
finding negated concepts by negation cues and
scopes. These concepts are usually represented
by a set of predefined terms, and negation detec-
tion typically aims to determine whether a term
falls within the scope of a negation cue.

In this paper we address the task of identifi-
cation of negated events. We present a machine
learning (ML) method that combines a set of fea-
tures mainly engineered from a sentence parse

. . ) ) ¥ree with lexical cues. More specificall arse-
day, biomedical knowledge is mainly communi- P Y, P

cated through a growing body of research paper
As the amount of textual information increases

based features use the notion of twnmand
Pelation that models the scope affected by an
element (Langacker, 1969). We use molecular
vents as a case study and experiment on the
ioNLP’09 data, which comprises a gold-

r:§<':1nd¢'ard corpus of research abstracts manually

nnotated for events and negations (Kim et al.
009). The evaluation shows that, by using the

a%roposed approach, negated events can be identi-

ied with precision of 88% and recall of 49%
(63% F-measure). We compare these results with
two rule-based approaches that achieved the
maximum F-measure of 42%.

Proceedings of the Workshop on Negation and Speculation in Natural Language Processing, pages 7885,
Uppsala, July 2010.



The rest of this paper is organised as followspressions that are triggered by negation phrases
Section 2 summarises and reviews previous resuch as:
search on negation extraction. Section 3 defines
the problem and introduces the data used for the
case study. Section 4 focuses on the ML-based
methodology for extracting negated events. Thevhere the asterisk (*) represents a string of up to
final sections contain the results and discussiongive tokens. Target terms represent domain con-
cepts that are terms from the Unified Medical
2 Related Work Language System (UML$ The cue set com-
There have been numerous contemplations of t ises 272 clinically-specific negation cues, in-
cluding those such adenial of or absence of

concept of negation (Lawler, 2010), but no gen :
eral agreement so far exists on its definitionﬁAIthoth simple, th? proposed approach sh(_)v_ved
ood results on clinical data (78% sensitivity

form, and function. W her finition ofd .
negation as given by Cambridge Encyclopedia ofecall, 849 precision, and 945 specifcit).
Language Sciences: “Negation is a comparison In addition to concepts that are explicitly ne-
between a ‘real’ situation lacking some elemen ated by negation phrases, Patrick et al. (2006)
and an ‘imaginal’ situation that does not lack it". t_urth(tar cons(lderhsoacallﬁgj tﬁr?—%oordlgated neiga—
; : gk : ive terms (e.gheadac at have been col-
The imaginal situation isffirmative compared lected from SNOMED Cimedical terminology.

with the negative real situation. The element 7.~ ;
whose polarity differs between the two situationss'm'larly’ NegFinder uses hand_-craftgd ru!es to
detect negated UMLS terms, including simple

is the negatiomar get. ; . L : .
g g onjunctive and disjunctive statements (Mutalik

Negations in natural language can be ex? ) h
; ; ; et al. 2001). They used a list of 60 negation cues.
pressed by syntactically negative expressions, i. olentino et al. (2006), however, show that using

with the use of negating words suchres not I Il set of only fi "
never etc. The word or phrase that makes th Jies on a small Set of only five negation cues
no, neither/nor ruled out denies withou) can

sentence wholly or partially negative is the nega

tion cue and the part of the sentence that is a§ti|l be reasonably successful in detecting nega-

f h ; h ns in medical reports (F-s_core 91%). _
ected by the negation cue and has become neg}‘leoHuang and Lowe (2007) introduced a negation

tive is the negatioscope. .
g P grammar that used regular expressions and de-

We briefly review two classes of approache q X o identi "
to detect negations: those aiming at negated coR€ndency parse trees fo iden ify negation cues

cepts and those targeting negated events. and their scope in the sentence. They applied the
rules to a set of radiology reports and reported a

2.1 Detecting Negated Concepts and precision of 99% and a recall of 92%.
Phrases Not many efforts have been reported on using

There have been a number of approaches s machine learning to detect patterns in sentences

ested for detection of necated targets an at contain negative expressions. Still, Morante
9 9 9 dgnd Daelemans (2009), for example, used vari-
scopes. Most of them rely on task-specific, han

i " ~._-ous classifiers (Memory-based Learners, Support
crafted rules of various complexities. They d'ﬁerVector Machines. and Conditional Random
in the size and composition of the list Of.negat'orhelds) to detect r’1egati0n cues and their scope.
cues, and the way to ut|I|se_ such a list. Som%n extensive list of features included the token’s
methods use parse trees, whilst others use resugt%m and part-of-speech, as well as those of the
of shallow parsing. neighbouring tokens. Separate classifiers were

Rule-based methods range from simple CoL'J]sed for detecting negation cues and negation
occurrence based approaches to patterns that r%gopes. The method was applied to clinical text

on shallow_parsmg. T_he bag-of-words’ ap- iomedical abstracts, and biomedical papers with
proach, looking for proximate co-occurrences o

. ; -scores of 80%, 77%, and 68% respectively.
negation cues and terms in the same sentence, is

probably the simplest method for finding nega2.2 Detecting Negated Events
tions, and is used by many as a baseline metho%%

<negation cue> * <target term>
<target term> * <negation cue>

everal approaches have recently been suggested

Many approaches have targeted the clinic . )
y app g or the extraction of negated events, particularly

and biomedical domains. NegEx (Chapman et a

2001), for example, uses two generic regular ex-

http://www.nlm.nih.gov/research/umis/
2 http://www.snomed.org
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in the biomedical domain. Events are typicallyeach event may have one or more participating
represented vigarticipants (biomedical entities proteins (sometimes referred to dsemey
that take part in an event) and eveiggers (to- Regulatory events are particularly complex, as
kens that indicate presence of the event). Vathey can have aause (a protein or another
Landeghem et al. (2008) used a rule-based apvent) in addition to a theme, which can be either
proach based on token distances in sentence aagrotein or another event. Table 1 shows exam-
lexical information in event triggers to detectples of five events, where participants are bio-
negated molecular events. Kilicoglu and Berglemedical entities (events 1-3) or other events
(2009), Hakenberg et al. (2009), and Sancheevents 4 and 5). Note that a sentence can ex-
(2007) used a number of heuristic rules concerrpress more than one molecular event.
ing the type of the negation cue and the type of Identification of molecular events in the litera-
the dependency relation to detect negated mdudre is a challenging IE task (Kim et al. 2009;
lecular events described in text. For example, &arafraz et al. 2009). For the task of identifying
rule can state that if the negation cue is “lack” onegated events, we assume that events have al-
“absence”, then the trigger has to be in theeady been identified in text. Each event is repre-
prepositional phrase of the cue; or that if the cusented by its type, a textual trigger, and one or
is “unable” or “fail”, then the trigger has to be in more participants or causes (see Table 1). Since
the clausal complement of the cue (Kilicoglu andhe patrticipants of different event types can vary
Bergler 2009). As expected, such approachds both their number and type, we consider three
suffer from lower recall. classes of events to support our analysis (see
MacKinlay et al. (2009), on the other hand,Section 5):
use ML, assigning a vector of complex deep Class | comprises events with exactly one
parse features (including syntactic predicates to entity theme (e.g. transcription, protein ca-
capture negation scopes, conjunctions and se- tabolism, localization, gene expression,
mantically negated verbs) to every event trigger. phosphorylation).
The system achieved an F-score of 36% on the Class Il events include binding events only,
same dataset as used in this paper. which have one or more entity participants.
We note that the methods mentioned above Class Il contains regulation events, which
mainly focus on finding negated triggers in order have exactly one theme and possibly one
to detect negated events. In this paper we explore cause. However, the theme and the cause can
not only negation of triggers but also phrases in be entities or events of any type.
which participants are negated (consider, for ex-

ample, “SLP-76" in the sentencen“contrast, The corpus used in this study is provided by
Grb2 can be coimmunoprecipitated with Sosthe BioNLP'09 challenge (Kim et al. 2009). It
and Sos2 but not with SLP-76 contains two sets of biomedical abstracts: a
“training” set (containing 800 abstracts used for
3 Molecular Events training and analysis purposes) and a “develop-

) o ment” set (containing 150 abstracts used for test-
As a case study, we look at identification of nejng purposes only). Both document sets are

gated molecular events. In general, moleculafanyally annotated with information about en-
events include various types of reactions thafy mentions (e.g. genes and proteins). Sentences
affect genes and protein molecules. Each event {fat report molecular events are further annotated
of a particulartype (e.g. binding, phosphoryla- \yith the corresponding event type, textual trigger
tion, regulation, etc.). Depending on the typegng participants. In total, nine event types are

“The effect of this synergism was perceptible atl#vel of induction of the IL-2 gene.”
Event Trigger Type Participant (theme) Cause
Event 1 “induction” Gene expression IL-2

“Overexpression of full-length ALG-4 induced traription of FasL and, consequently, apoptosis.”

Event Trigger Type Participant (theme) Cause
Event 2 “transcription” Transcription FasL

Event 3 “Overexpression” Gene expression ALG-4

Event 4 “Overexpression” Positive regulation  Ev@nt

Event 5 “induced” Positive regulation | Event 2 Evént

Table 1: Examples of how molecular events describéelxt are characterised.
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considered (gene expression, transcription, prdsranches of the tree from that node, tleX-

tein catabolism, localization, phosphorylation,commandd; otherwise, it does not.

binding, regulation, positive regulation, and We hypothesise that if a negation cue com-

negative regulation). In addition, every event hasnands an event triggenr participant, then the

been tagged as either affirmative (reporting @associated event is negated.

specific interaction) or negative (reporting that a i i i i

specific interaction has not been observed). 42 Negation Detection Using Machine
Table 2 provides an overview of the two Learning on Parse Tree Features

BioNLP’09 datasets. We note that only aroundGiven a sentence that describes an event, we fur-

6% of events are negated. ther construe the negation detection problem as a
classification task: the aim is to classify the event
E Training Development as affirmative or negative. We explore both a
vent ; : .
class data data single SVM (support vector machine) classifier
total | negated total | negated for all events and three separate SVMs for each
Class | 2,858 131 559 26 of the event classes. The following features have
Class Il 88y 44 249 15 been engineered from an event-representing sen-
Class Ill | 4,87D 440 987 66 tence:
Total 9,685 615 1,795 107

1. Event type (one of the nine types as defined
Table 2: Overview of the total number of events and  in BioNLP’09);
negated event annotations in the two datasets. 2. Whether the sentence contains a negation
cue from the cue list;

4 Methodology 3. The negation cue itself (if present);
We consider two approaches to extract negate% IS(S, part-of-speech (POS) tag of the negation

events. We first discuss a rule-based approa%]
that uses constituency parse trees andctime- ’
mand relation to identify negated events. Then, "
we introduce a ML method that combines lexi-
cal, syntactic and semantic features to identi
negated events. Note that in all cases, input sen-
tences have been pre-annotated for entity men-
tions, event triggers, types, and participants.

The POS tag of the event trigger;
The POS tag of the participants of the event.
If the participant is another event, the POS
tag of the trigger of that event is used;
The parse node type of the lowest common
ancestor of the trigger and the cue (i.e. the
type of the smallest phrase that contains both
the trigger and the cue, e.g. S, VP, PP, etc.);
4.1 Negation Detection Using the Command 8. Whether or not the negation cue commands
Relation Rules any of the participants; nested events (for
Class lll) are treated as above (i.e. as being

The question of which parts of a syntactic struc- represented by their triggers):

ture affect the other parts has been extensively \yhether or not the negation cue commands
investigated. Langacker (1969) introduced the the trigger:

concept of commandto determine the SCOPE 14 The parse-tree distance between the event
W|th|_n a sentence affected by an elemept. More trigger and the negation cue.
precisely, ifa andb are nodes in the constituency
parse tree of a sentence, theetiX-commandsb
iff the lowest ancestor ad with label X is also
an ancestor db. Note that the command relation
is not symmetrical. Langacker observed th
whena S-command®, thena affects the scope
containingb. For simplicity, we say “command”
when we mean S-command.

To determine whether tokemcommands to- 5 Results
kenb, given the parse tree of a sentence, we use
a simple algorithm introduced by McCawleyAll the results refer to the methods applied on the
(1993): trace up the branches of the constituenagjevelopment dataset (see Table 2). If the nega-
parse tree frona until you hit a node that is la- tion detection task is regarded as an information
belled X. If b is reachable by tracing down theextraction task of finding positive instances (i.e.

We use a default value (null) where none of
the other values apply (e.g. when there is no cue
in feature 3, 4, 7). These features have been used
3o train four SVMs on the training dataset: one

modelled all events together, and the others
modelled the three event classes separately.
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negated events), then precision, recall, and Hs affirmative. The results (see Table 3) are sub-
score would be appropriate measures. If we corstantially lower than those reported for NegEx on
sider the classification aspect of the task, specélinical data (specificity of 94% and sensitivity
ficity is more appropriate if true negative hits areof 78%). For comparison, the table also provides
considered as valuable as true positive ones. Wi even simpler baseline approach that tags as
therefore use the following metrics to evaluatenegated any event whose associated sentence

the two methods: contains any negation cue word.
Precision=——————
TP+FP Approach P| R | F1 |Spec.
Recall=Sensitivity= TP any negation cue presept 2078% | 32%|81%
- TP+REN NegE> 36% | 37% | 36% | 93%
F1=ox Preqsprx Recall
Precision+Recall Table 3: Baseline results.
i~ TN (NegEx and a ‘bag-of-words’ approach)
Specificity: TN+EP

where TP denotes the number of true positive32 RulesBased on the Command Relation

(the number of correctly identified negatedTapble 4 shows the results of applying the S-
events), FN is the number of false negatives (thgommand relation rule for negation detection.
number of negated events that have been rye experimented with three possible ap-

ported as affirmative), with TN and FP definedproaches: an event is considered negated if

accordingly. - the negation cue commands any event
Two sets of negation cues were used in order participant in the parse tree;

to compare their influence. A smaller set was .  the negation cue commands the event

derived from related work, whereas additional trigger in the tree;

cues were semi-automatically extracted by ex- . the negation cue commands both.

ploring the training data. The small negation cue

set contains 14 wordswhereas the larger nega- Approach P R | F1 |Spec.

tion cue set contains 32 wofdAs expected, the hegation cue command

larger set resulted in increased recall, but deany participant

creased precision. However, the effects on the kregation cue

score were typically not significant. The resultgcommands trigger

are only shown using the larger cue set. negation cue 23%| 68% | 35%)| 86%
The texts were processed using the GENIAOMMands both

tagger (Tsuruoka and Tsuijii 2005).We used con-

stituency parse trees automatically produced by

two different constituency parsers reported in

(McClosky et al. 2006) and (Bikel 2004). No Compared with the baseline methods, the rules

major differences were observed in the reSUItBased on the command relation did not improve

using the two parsers. The data shown in the rehe performance. While precision was low
sults are produced by the former. '

(23%), recall was high (around 70%), indicating
5.1 Basdine Results that in the majority of cases there is an S-
command relation in particular with the partici-

30| 76% | 35% | 84%

23%| 68% | 34%| 85%

Table 4: Performance when only the S-command
relation is used.

Our baseline metho_d relies on an.lmplt'amentafuo ants (the highest recall). We also note a signifi-
of the NegEx algorithm as explained in Sectio

21 E : d . ant drop in specificity, as many affirmative
1. Event triggers were used as negation targely g haye triggers/participants S-commanded
for the algorithm. An event is then considered t

. : . 0 13y a negation cue (not “linked” to a given event).
be negated if the trigger is negated; otherwise |ty g ( g )

5.3 MachineLearning Results

* Negation cues in this set includ, not, none, All SVM classifiers have been trained on the
negative, without, absgnce, fail, fails, failed|-fa training dataset using a Python implementation

“ Negation cuss i ths set nclude e smallepet O SYM Light using the linear kemel and the
18 task-specific wordsnactive, neither, nor, in- default parameters (Joach!ms 1999). Tab!g ®
shows the results of the single SVM classifier

hibit, unable, blocks, blocking, preventing, pre- >
vents, absent, never, unaffected, unchanged, im- that has been trained for all three event classes

paired, little, independent, excepydexception.  together (applied on the development data).
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Compared to previous methods, there was sigevent triggers being too far from the negation cue
nificant improvement in precision, while recall to be detected as within the scope.

was relatively low. Still, the overall F-measure Furthermore, compared to clinical notes, for

was significantly better compared with the rule-example, sentences that describe molecular

based methods (51% vs. 35%). events are significantly more complex. For ex-
ample, the event-describing sentences in the
Feature set P R F1 | Spec. training data have on average 2.6 event triggers.
Features 1-7 43% 8% 14% 99.2% The number of events per sentence is even
Features 1-8 | 73% 19%  30%99.3% higher, as the same trigger can indicate multiple
Features 1-9 | 71% 38% 49% 99.2%  events, sometimes with opposite polarities. Con-
Features 1-10| 76% | 38% | 51% | 99.2% sider for example the sentence
Table 5: The results of the single SVM classifieza- “We also demonstrate that the IKK complex,

tures 1-7 are lexical and POS tag-based featuezs. F~ PUt not p90 (rsk), is responsible for the in vivo
ture 8 models whether the cue S-commands any of the Phosphorylation of I-kappa-B-alpha mediated

participants. Feature 9 is related to the cue S- by the co-activation of PKC and calcineurin.”
commanding the trigger. Feature 10 is the parse-tre Here, the trigger (phosphorylation) is linked with
distance between the cue and trigger. one affirmative and one negative regulatory

i . . ) event by two different molecules, hence trigger-
We first experimented with the effect of differ- ing two events of opposite polarities.

ent types of feature on the quality of the negation These findings, together with previous work,

prediction. Table 5 shows the results of the ﬁrsguggested that for any method to effectively de-

classifier with an incremental addition of lexical negations, it should be able to link the nega-
features, parse tree-related features, and flnallytﬂ)n cue to the specific token, event trigger or

combination of those with the command relatior), tity name in question. Therefore, more com-
betvye_en the hegation cue and event trlgggr_arhﬂax models are needed to capture the specific
participants. It is worth noting that both precision,

d i d foat 4d dstructure of the sentence as well as the composi-
and recall Improved as more Iealures areé addedyi,, of the interaction and the arrangement of its
We also separately trained classifiers on th

: ?rigger and participants.
three classes of events (see Table 6). Thls_ further By combining several feature types (lexical,

results of the single classifier, the F1 micro €yntactic and semantic), the machine learning
i ' -, - approach proved to provide significantly better
average improved from 51% to 63%, with simi- P P p g y

| s for both - q I results. In the incremental feature addition explo-
ar gains for both precision and recafl. ration process, adding the cue-commands-

participant feature had the greatest effect on the

uzsr}t class P R F1_| Spec. F-score, suggesting the significance of treating
(559 events) 94% | 65% | 77% | 99.8% event participants. We note, however, that many

Class || of the previous attempts focus on event triggers
(249 events) | 100% | 33% | 50% | 100% only, although participants do play an important
Class Il role in the detection of negations in biomedical
(987 events) | O1% | 44% | 57%| 992%  eyents and thus should be used as negation tar-
Micro Average gets instead of or in addition to triggers. It is in-
(1,795 events) teresting that adding parse-tree distance between
Macro Average ooo. | 4706 | 629%| 99 79% the trigger and negation cue improves precision
(3 classes) by 5%.
- Differences in event classes (in the number

Table 6: The results of the separate classifiedibn 5 type of participants) proved to be important.

ferent classes using common features. Significant improvement in performance was
observed when individual classifiers were trained
for the three event classes, suggesting that events
As expected, approaches that focus only on evewtth different numbers or types of participants
triggers and their surface distances from negatioare expressed differently in text, at least when
cues proved inadequate for biomedical scientifiiegations are considered. Class | events are the
articles. Low recall was mainly caused by manyimplest (one participant only), so it was ex-
pected that negated events in this class would be

88% 49% 63% | 99.4%

6 Discussion
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the easiest to detect (F-score of 77%). Class Il One of the issues we faced was the manage-
negated events (which can have multiple particiment of multi-token and sub-token entities and
pants), demonstrated the lowest recall (33%). Ariggers (e.g.alpha Blandalpha B2in “alpha
likely reason is that the feature set used is nd@1/alpha B2 ratio”, which will be typically to-
suitable for multi-participant events: for exam-kenised as “alpha”’, “Bl/alpha”, and “B2"). In
ple, feature 8 focuses on the negation cue conmur approach, we considered all the entities that
mandingany of the participants, and netl of are either multi-token or sub-token. However, if
them. It is surprising that negated regulationve assign participants that aseth multi-token
events (Class Ill) were not the most difficult toand sub-token simultaneously to events and ex-
identify, given their complexity. tract similar features for the classifier from them
We applied the negation detection on theas from simple entities, the F-score is reduced by
type, trigger and participants of pre-identifiedabout 2%. It would be probably better to assign a
events in order to explore the complexity of nenew category to those participants and add a new
gations, unaffected by automatic named entityalue for them specifically in every feature.
recognition, event trigger detection, participant
identification, etc. As these steps are typically/ Conclusions

performed before further characterisation O];(‘Siven the number of published articles, detection

events, this assumption is not superficial an of negations is of particular importance for bio-
such information can be used as input to the ne 9 P P

. ) . medical IE. Here we explored the identification
gation detection module. MacKinlay et al. (2009|):ﬁ]c negated molecular events, given their triggers

also used gold annotations as input for negatio o characterise event type) and participants, We
detection, and reported precision, recall, and F-~ . yp P P )

score of 68%, 24%, and 36% respectively on th h usi ; 4 th
same dataset (compared to 88%, 49% and 63RECACH USING constituency parse trees and the
’ command relation to identify negation cues and

in our case). The best performing negation detecs-CO es and a machine learnina method that
tion approach in the BioNLP’09 shared task re- Pes, . '9 .
combines a set of lexical, syntactic and semantic

0 .
ported recall of up to 15%, but with overall eVemfeatures engineered from the associated sentence.

detection sensitivity of 33% (Kilicoglu and Ber- When compared with a regular-expression-based
gler 2009) on a ‘test’ dataset (different from thatbaseline method (NegEx-like), the proposed ML

used in this study). This makes it difficult to di- : C e . 270
rectly compare their results to our work, but w method ac_hleved S'gn'f'cf’“_‘“y better results: 63%
-score with 88% precision. The best results

can still provide some rough estimates: had a\}vere obtained when separate classifiers were
events been correctly identified, their negatior% P

detection approach could have reached 45% r E?Sr?feio[)gmge%f :Egr;h?ne tﬁ\éegﬂgﬁsefe;ﬁgs{ d'fe'
call (compared to 49% in our case). With preci-Olc articipants) proved to be important yp
sion of around 50%, their projected F-score, P P P P ' .

The results presented here were obtained by

again assuming perfect event identification, . . ) . ;
, . sing the ‘gold’ event annotations as the input. It
could have been in the region of 50% (compare > : .
would be interesting to explore the impact of

to 63% in our case). ically noisy automatic event extraction on

The experiments with rules that were basegiy pically noisy aut , )

. negation identification. Furthermore, an immedi-

on the command relations have proven to be gefite future step would be to explore class-specific
neric, providing very high recall (~70%) but with P P P

- ' features (e.g. type of theme and cause for Class
poor preC|S|on._AIthough only the results with S-”I events( a?wd 3\//5hether the cue S-commands all
command relations have been reported here (see ~. = ™ e .
Table 4), we examined other types of comman articipants for Class Il events). In _addltlon, in
relation, namely NP-, PP-, SBAR-, and VP- e current approach we used constituency parse

trees. Our previous attempts to identify molecu-

C?é?j:gzgg' ;:T:i rggly V://:;Ia\;[\llcf)lgtf? é)rlethtg 'Cnagr(i)/gl_ar events (Sarafraz et al. 2009) as well as those
Eommands any ofythe participants, with an I:_discussed in Section 2 use dependency parse
score of 42%, which is higher than the resultgees'.A t_op|c open for future research will be to

combine information from both dependency and

achieved by the S-command (F-score of 35%)'onstituenc arse trees as features for detectin
The S-command relation was used in the SVI\ff y P 9
egated events.

modules as VP-command did not make the rer]
sults significantly better.

8on5|dered two approachésa rule-based ap-

5 Available atht t p: // bi t. | y/ bzBaux
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